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Abstract

Whether artificial intelligence (AI) weather models are more informative for
extremes depends on verification and initialization. We compare GraphCast
Operational, Pangu-Weather and FourCastNet v2-small with the operational
Global Forecast System (GFS) at 334 surface stations in China for 00 UTC ini-
tializations from January 2022 to August 2025. The Al runs share the GF'S F000
input source, controlling initialization source while retaining model-specific train-
ing and preprocessing. Potential continuous ranked probability scores (PCRPS)
and threshold-weighted versions assess information after in-sample isotonic dis-
tributional regression (IDR). Independent-period IDR and Gaussian ensemble
model output statistics (EMOS) assess achievable post-processing skill. The
temperature comparison favours the AI models at the reported daily leads,
with exceptions at six-hourly leads. GraphCast’s heavy-precipitation advantage
weakens out of sample, where tail-skill intervals include zero beyond day 1. Tem-
perature rankings differ between verification settings, skill varies across climate
groups, and initialization from the Integrated Forecasting System (IFS) sub-
stantially changes short-range gains. Comparisons of extremes should distinguish
potential information, achievable skill and initialization sensitivity.

Keywords: Al weather prediction, extreme weather, forecast verification, potential
CRPS, threshold-weighted CRPS, initial conditions



1

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

1 Introduction

Data-driven weather models trained on reanalysis, such as GraphCast (Lam et al.
2023), Pangu-Weather (Bi et al. 2023) and the spherical Fourier neural operator
(SFNO) behind FourCastNet v2-small (Bonev et al. 2023), now match or exceed
operational deterministic forecasts on many headline scores (Rasp et al. 2024;
Ben Bouallégue et al. 2024). Whether this also holds for extreme events, the cases
that matter most for warnings, is disputed. Olivetti and Messori (2024) found no sys-
tematic weakness of AI models for extremes on WeatherBench 2 fields. In contrast,
Zhang et al. (2026) reported that physics-based models outperform Al forecasts of
record-breaking temperature and wind extremes. Conversely, Biegert et al. (2026)
found that AI models, FuXi in particular, are more informative for extremes when
they are compared with the threshold-weighted potential CRPS against a common
reanalysis truth. They attributed the disagreement to the forecaster’s dilemma (Lerch
et al. 2017): conditioning the evaluation on observed extremes favours forecasters who
predict extremes more often. They also noted that Zhang et al. (2026) verified each
model against a different ground truth.

Three design choices underlie these conflicting results. The first is the verifica-
tion metric. Point-error metrics such as the root mean square error (RMSE) reward
the smooth, mean-like forecasts that AI models are trained to produce. Gneiting
et al. (2026) therefore proposed the potential CRPS (PCRPS). It converts each deter-
ministic forecast into a calibrated predictive distribution by isotonic distributional
regression (IDR, or EasyUQ; Henzi et al. 2021; Walz et al. 2024) and then scores
that distribution. Threshold-weighted versions of the score focus on the tails without
the forecaster’s dilemma (Gneiting and Ranjan 2011; Allen et al. 2023; Biegert et al.
2026).

The second choice is the ground truth. Gridded (re)analyses are smooth, are pro-

duced by a particular forecast system, and are often the training target of the Al
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models. Station observations provide a measurement-based verification target but
include point-to-grid representativeness error and uneven sampling. Related regional
work includes temperature verification (He et al. 2026) and GraphCast precipitation
verification at 2393 Chinese stations over 2020-2021 (Yan et al. 2025). Our contribu-
tion is the combination of a common initialization source, multiple variables and years,
climate-group comparisons, and separate in-sample and out-of-sample tail verification;
the scoring methods themselves are established.

The third choice is the initial conditions. Most published comparisons pit AI mod-
els initialized from ERAS5 or IFS analyses against a physics model with its own analysis
(Rasp et al. 2024; Ben Bouallegue et al. 2024; Charlton-Perez et al. 2024). Differences
in skill then mix model and analysis quality. The NOAA/CIRA AI weather prediction
(ATWP) archive (Radford et al. 2025) permits comparisons conditional on a shared ini-
tialization source, and runs each Al system with both GFS and IFS inputs. Differences
can still involve preprocessing and interactions between training and initialization.

Here, we combine all three elements. We verify GFS-initialized GraphCast Opera-
tional, Pangu-Weather and FourCastNet v2-small against operational GFS forecasts,
controlling the source of the initial fields. The verification uses observations from
334 stations in China between 2022 and 2025. China spans tropical to highland and
arid climates and experiences frequent heat waves, cold surges and heavy rainfall. We
evaluate 2-m temperature, daily maximum and minimum temperature, 10-m wind
speed and 24-h precipitation. Each variable is scored with the PCRPS and with
twPCRPS focused on station-specific climatological tails. These in-sample results are
complemented by out-of-sample post-processing, block-bootstrap confidence intervals
and multiplicity-controlled station-wise tests. Finally, we repeat the analysis with the
IFS-initialized versions of the same models. This measures initialization sensitivity
conditional on each trained AI system, rather than an additive causal decomposition

of architecture and analysis quality.
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2 Data

2.1 Forecasts

AT forecasts were taken from the NOAA/CIRA ATWP archive (Radford et al. 2025),
which is hosted on Amazon Web Services (bucket noaa-oar-mlwp-data). We used
GraphCast Operational (archive identifier GRAP_v100), Pangu-Weather (PANG_v100)
and FourCastNet v2-small (FOUR_v200), with both GFS and IFS initialization. The
operational GraphCast checkpoint was fine-tuned on IFS data through 2021. The
GFS-initialized archive uses the 0.25° FO00 products rather than the separate analysis
products (Radford et al. 2025). Archive identifiers and initialization source are held
fixed within each comparison; training, variable preprocessing and learned dynam-
ics remain system-specific. All models provide 0.25° global fields every 6 h. The
physics-based reference is the operational deterministic GFS at 0.25°, retrieved from
the NOAA GFS archive on AWS (noaa-gfs-bdp-pds) using byte ranges from the
GRIB index files. We considered 00 UTC initializations from 1 January 2021 to
12 August 2025 and leads of 6-240 h. Forecasts were bilinearly interpolated to the
station locations.

The archive has gaps. GFS-initialized GraphCast is unavailable before 31 Decem-
ber 2021, and five initializations in 2024 and two in 2025 are missing. Pangu-Weather
and FourCastNet v2-small each miss one 2021 initialization. The IFS-initialized runs
miss a few dates in 2022-2023 and contain longer gaps in 2024. One GFS initializa-
tion (2 February 2021) could not be retrieved. Because GraphCast starts at the end of
2021, the main comparison begins in January 2022 (Section 3.1). GraphCast precipi-
tation, archived as 6-h accumulations in metres, was converted to millimetres. Among

the Al models, only GraphCast provides precipitation.
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2.2 Station observations

Observations come from the Integrated Surface Database (ISD; Smith et al. 2011).
Starting from 360 candidate stations in China (WMO index blocks 50-59), we retained
stations that reported at least 80% of 00 UTC observations between 2021 and August
2025. They also had to have at least 80% coverage in at least 8 of the 10 years
2011-2020, which form the climatological reference period. This yielded 334 stations
(Fig. 1). Two-metre temperature and 10-m wind speed were taken at the synoptic
hours from FM-12 SYNOP reports within £10 min of the hour, where available.
Daily maximum and minimum temperature (Tiax, Tmin) Were taken from the
ISD extreme-temperature groups, which refer to the 24 h ending at 12 UTC. These
groups are only available from late 2019, and their coverage drops in 2024-2025. Gaps
were therefore filled with quality-screened GHCN-Daily TMAX/TMIN (Menne et al.
2012), matched by station and reported date. The median absolute differences on
overlapping 2020-2023 days are 0.0 °C for Tj,.x and 0.1 °C for Ti,;,. This agreement
supports the date matching, but does not verify identical observation windows for
every source record. After filling, 180 stations meet the completeness requirements
for Tihax and Ti,. Daily precipitation is the 24-h accumulation reported at 00 UTC
(00-00 UTC window). ISD AA amount code 9999 is missing, and condition code 9 is
not a zero-precipitation flag (NOAA National Centers for Environmental Information
2018). A missing AA 24-h amount is recovered as zero only when a valid FM-12
source report explicitly contains the unambiguous 70000 group in SYNOP section 333
(World Meteorological Organization 1995, regulation 12.4.9). Numeric AA totals with
accumulation-boundary flags require agreement with the original SYNOP 24-h group.
Other incomplete, suspect, unresolved and conflicting records remain missing. Parser
versions, source hashes and recovery counts are recorded per station-year. GHCN-

Daily comparisons use quality-screened values, retain the daily-window difference, and
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do not establish that an ISD missing code means zero. In total, 249 stations are used
for precipitation.

Stations were assigned to the main climate classes of the 0.1° Képpen—Geiger map
of Beck et al. (2023). Stations in polar (E) classes or above 3000 m elevation were
grouped as Highland. This yields 149 Temperate, 76 Arid, 75 Cold, 28 Highland and

6 Tropical stations. For Tyax/Tmin the corresponding counts are 64, 54, 41, 18 and 3.

2.3 Derived forecast variables

Forecast daily Tyax and Ty for day & (kK =1,...,9) are the maximum and minimum
of the four 6-hourly 2-m temperature values at 18, 00, 06 and 12 UTC, i.e. leads 24k —6
to 24k + 12 h. They match the observed 12-12 UTC window. The same sampling is
applied to all models, including GF'S. This controls the sampling convention but does
not ensure identical errors, because the timing and amplitude of each model’s diurnal
cycle can differ. Daily precipitation for day k& (k = 1,...,10) is the sum of the four
6-h accumulations ending at leads 24(k — 1) +6,...,24k h.

2.4 Extreme thresholds

Tail thresholds are station-specific quantiles of the 2011-2020 climatology (Table 1).
For 2-m temperature and wind speed, they are also specific to the valid hour. For
Tinax/Tmin, the climatology combines ISD and GHCN-Daily. The completeness screen
for both daily-temperature thresholds uses the T},.x reference series, requiring at least
1000 days and at least 50 days in every calendar month; each variable’s quantiles are
then computed from its available values. For precipitation, ISD was supplemented
with GHCN-Daily where ISD provided fewer than 1500 days. This mixes 00-00 and
12-12 UTC climatological totals at those stations and may affect wet-day quantiles;
the source is recorded in the climatology output and should be considered when

interpreting tail skill.
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Table 1 Lower or upper tails used for the
threshold-weighted scores. Quantiles g, are
station-specific and computed from 2011-2020
observations; for 2-m temperature and wind speed they
are also specific to the valid hour. The wet-day quantile
uses days with at least 0.1 mm.

Variable Tail 1 (tw1) Tail 2 (tw2)
2-m temperature Y > qo.95 Y < go.o5
Daily Timax Y > qo.90 Y > qo.95
Dally Tn]in Yy < qo.10 Y < q0.05
10-m wind speed Y > qo.90 Y > qo.95

24-h precipitation y > wet-day go.o0 Yy > 25 mm

3 Methods

Processing scripts, station lists, derived tables and provenance records are publicly
available in the repository identified in the Data and code availability statement.
Supplementary key-result tables and the station inventory are provided in Online

Resource 1 (ESM_1.pdf).

3.1 Comparison sets

All scores are computed on a common sample: for a given station, variable and lead
time, only cases in which every compared model and the observation are available
are used. The main comparison (core) includes GFS and the three GFS-initialized Al
models for initializations from January 2022 to August 2025. For 2-m temperature it
contains on average about 1225 cases per station and lead. Where the bootstrap is
computed from daily station sums, about 1300 distinct days enter. A sensitivity set
(core21) adds 2021 but omits GraphCast. The ic set adds the three IFS-initialized
models and is restricted to their common initializations (about 1050 cases per station

and lead for 2-m temperature).
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Fig. 1 The 334 ISD stations used in this study, classified by Koppen-Geiger climate group (Beck
et al. 2023). Marker shapes identify climate groups in monochrome printing.

3.2 Potential CRPS and threshold-weighted PCRPS

For a predictive cumulative distribution function (CDF) F' and observation y, the
continuous ranked probability score is (Matheson and Winkler 1976; Gneiting and
Raftery 2007)

oo

CRPS(F,y) :/ (F(z) —{y < z})de. (1)

— 00

The threshold-weighted CRPS with indicator weight w(z) = W¥{z > ¢} (or ¥{z < t})

restricts the integral to the tail of interest (Gneiting and Ranjan 2011; Allen et al.
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2023):

twWCRPS, (F, y) = / (F(2) — K{y < 2})? w(z) d=. 2)
Following Gneiting et al. (2026), the deterministic forecasts z1,...,z, of a model at
one station and lead time are converted into predictive distributions F,...F, by

IDR fitted to the pairs (x;,y;) (Henzi et al. 2021; Walz et al. 2024). IDR yields the
CRPS-optimal distributions under the sole constraint that a larger forecast implies a
stochastically larger outcome. Since IDR is simultaneously optimal for the threshold-

weighted CRPS (Henzi et al. 2021), the mean scores

1 . 1 .

PCRPS = — ; CRPS(F;,y;),  twPCRPS, = — zz:;thRPSt(Fl,yz) (3)
measure the information content of the deterministic forecast. These scores are invari-
ant to strictly increasing transformations of the deterministic forecasts and quantify
discrimination after the monotone recalibration allowed by IDR. Smoothing that
changes forecast ordering or creates ties can still affect them (Gneiting et al. 2026;
Biegert et al. 2026). All twPCRPS values use the thresholds of Table 1. Our imple-
mentation was checked against brute-force numerical quadrature (agreement better
than 107%).

Skill relative to GFS is reported as SS =1 — > Smodel/ Y Sars, where the sums
run over all stations and cases. Positive values mean that the Al model is better. We
also computed raw bias, mean absolute error and RMSE at each station. The summary
CSV reports equal-station means of those station statistics; the skill estimates and
bootstrap tables use pooled station-case score sums. Mean station RMSE is not pooled

RMSE. These station-sampled aggregates are not area-weighted estimates for China.
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3.3 Out-of-sample post-processing

The PCRPS is an in-sample measure. To test whether potential skill transfers to post-
processed forecasts, we also fitted two methods on 2022-2023 (2021-2023 for core21)
and evaluated them on January 2024—August 2025. The calibration is frozen before the
first test initialization, 1 January 2024. For each variable and lead, training cases are
purged unless their target observation window ends strictly before that time, including
the extra 12 h in daily temperature targets. This prevents using training labels that
would not yet have been observed. Reporting delays beyond the observation-window
end are not modelled. The first method is out-of-sample IDR. Predictive CDFs for
new forecasts are linearly interpolated between the CDFs of the neighbouring training
forecasts. The second is Gaussian ensemble model output statistics (EMOS; Gneiting
et al. 2005), applied to 2-m temperature (at 24-h multiples of lead time), T ax and
Thoin- Its predictive mean is a + bx plus first-harmonic seasonal terms, and the log-
arithm of its standard deviation has a seasonal cycle. Parameters are estimated by

minimum-CRPS fitting.

3.4 Statistical inference

Aggregate skill uncertainty was estimated with a moving-block bootstrap (Kunsch
1989) with 14-day blocks and 1000 replicates. The bootstrap resamples paired 14-
day blocks on the initialization-date calendar, using station-summed losses. Valid zero
losses are retained, including days on which the GFS loss is zero. Missing days con-
tribute zero to both sums with availability recorded separately and keep their calendar
positions. All stations share the same sampled blocks, preserving the observed within-
day spatial dependence and the dependence represented within each block. Percentile
95% intervals are reported when at least 95% of replicates have a positive reference
total. These intervals condition on fitted in-sample IDR maps; they do not quantify

all calibration-estimation uncertainty. At each station, we tested the null hypothesis

10
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of equal predictive performance with the Diebold-Mariano test (Diebold and Mar-
iano 1995). Its variance was estimated by the Newey—West heteroskedasticity- and
autocorrelation-consistent (HAC) estimator (Newey and West 1987), with lag trunca-
tion max(lead in days, nt/ 3). Missing dates retain their calendar spacing in the HAC
calculation. The resulting p values were adjusted across stations by the Benjamini—
Hochberg procedure (Benjamini and Hochberg 1995) at a false discovery rate of 5%
separately for each model, reference, variable, lead and score, following Wilks (2016).
We report the percentage of stations at which an Al model is significantly better
or worse than GFS. The bootstrap was also computed separately for each climate
group. This multiplicity adjustment is not a study-wide correction over all scores and
leads; spatial dependence and fitted calibration maps also qualify the interpretation
of station-wise tests. All six-hourly leads are saved for instantaneous variables, with

EMOS restricted to 24-h multiples.

3.5 Sensitivity to the initialization source

In the ic set, each architecture is available from both GFS and IFS initial conditions.
The GFS-initialized comparison controls the source of the initial fields and measures
differences between forecast systems conditional on that source. The paired change
after switching to IFS measures initialization sensitivity for the fixed trained ATl sys-
tem. It includes compatibility with the model’s training data and preprocessing, so it
cannot identify a pure architecture effect or an independent additive contribution of

analysis quality.

3.6 Use of Al tools

GPT-5.6 (OpenAl) was used solely to polish the language of this manuscript. The
author reviewed and edited the resulting text and takes full responsibility for the

content of the manuscript.
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4 Results

Tables 2 and 3 summarise the skill of the three AI models relative to GFS in the core
set. Figure 2 shows the lead-time dependence available in the result files. Tables report
24-h multiples for instantaneous variables; skill at every six-hourly lead, separated by

valid hour, is shown in Fig. 3.

4.1 Two-metre temperature

All three AT models show positive PCRPS skill for 2-m temperature at the reported
24-h multiples (Table 2). GraphCast improves the PCRPS by 8.0% at 24 h, 11.0% at
120 h and 8.5% at 240 h. It is significantly better than GFS at 70-83% of the stations,
depending on lead, and significantly worse at no more than 11%. Pangu-Weather has
the lowest PCRPS point estimates at the reported daily leads up to about 5 days (8.4%
at 24 h, 11.5% at 120 h), but its advantage decays to 3.7% at 240 h. FourCastNet v2-
small improves by 5-7% at those leads. This does not imply superiority at every
six-hourly lead: at 6 h its PCRPS skill is —1.6%, with a bootstrap interval excluding
zero (Fig. 3). The equal-station mean PCRPS at 24 h is 0.957 K for GFS and 0.877—
0.900 K for the AI models. The raw forecasts show the same ordering. At 24 h, the
equal-station mean RMSE is 2.61 K for GFS and 2.38 K for Pangu-Weather; GFS has
a mean warm bias of +0.34 K, whereas GraphCast has a cold bias of —0.22 K.

The advantage persists for warm extremes. The twPCRPS for exceedances of the
95th percentile shows skill of 6-12% at the reported 24-h multiples. For cold extremes
(below the 5th percentile), GraphCast and Pangu-Weather are significantly better
than GFS up to 120 h. FourCastNet v2-small loses skill with lead time; at 240 h its

cold-tail skill is —6.0%, but the interval includes zero.

12



Table 2 Skill (%) of the GFS-initialized AI models relative to GFS for the temperature
variables in the core set (initializations January 2022—-August 2025). Positive values
indicate that the AI model is better. Bold: 95% block-bootstrap confidence interval
excludes zero. Brackets (PCRPS only): percentage of stations at which the model is
significantly better/worse than GFS (Diebold—Mariano test, Benjamini—-Hochberg false
discovery rate 5%). tw1, twa: threshold-weighted PCRPS for the tails in Table 1. OOS
IDR: out-of-sample IDR trained on 2022—2023 and tested on January 2024—August 2025.

Score Model Lead time

2-m temperature (leads: 24 h, 120 h, 240 h)

PCRPS GraphCast Op. +8.0 [70/11] +11.0 [81/2] +8.5 [78/1]
PCRPS Pangu-Weather +8.4 [69/11] +11.5[79/3] +3.7 [25/1]
PCRPS FCN v2-small  +5.9 [56/20]  +7.1 [57/9] +5.1 [44/1]
twPCRPS;  GraphCast Op. +9.4 +9.1 +8.0
twPCRPS; Pangu-Weather +8.9 +11.2 +6.4
twPCRPS; FCN v2-small +6.9 +8.1 +6.0
twPCRPS2  GraphCast Op. +5.1 +5.0 +1.8
twPCRPS2  Pangu-Weather +7.2 +7.9 +0.7
twPCRPSs  FCN v2-small +3.7 —-3.1 —6.0
OOS IDR GraphCast Op. +7.4 +10.2 +7.6
OOS IDR Pangu-Weather +8.1 +11.4 +3.4
OOS IDR FCN v2-small +5.2 +6.3 +3.4
Daily Tmax (leads: d1, d5, d9)

PCRPS GraphCast Op.  +8.0 [62/18] +9.2 [68/5] +7.1 [61/1]
PCRPS Pangu-Weather  46.1 [43/20] +7.4 [48/5] +0.6 [26/16]
PCRPS FCN v2-small  +2.7 [34/22]  +5.6 [36/4] +4.1 [33/6]
twPCRPS;  GraphCast Op. +2.8 +5.5 7.5
twPCRPS; Pangu-Weather +4.3 +6.3 +4.9
twPCRPS; FCN v2-small +1.7 +5.4 +4.8
twPCRPS2  GraphCast Op. +0.3 +2.5 +6.0
twPCRPS2  Pangu-Weather +1.5 +3.3 +3.5
twPCRPSs FCN v2-small —1.7 +2.7 +3.1
OOS IDR GraphCast Op. +6.4 +7.6 +6.6
OOS IDR Pangu-Weather +5.7 +6.6 +0.6
OOS IDR FCN v2-small +3.6 +4.5 +1.6
Daily Tynin (leads: d1, d5, d9)

PCRPS GraphCast Op.  +8.9 [75/8] +11.7 [83/0] +8.4 [71/0]
PCRPS Pangu-Weather +14.9 [88/6] +13.6 [86/2] +4.8 [38/1]
PCRPS FCN v2-small  +11.1 [75/9] +8.9 [62/5] +4.5 [46/2]
twPCRPS;  GraphCast Op. +4.8 6.9 +3.2
twPCRPS; Pangu-Weather +9.7 +10.0 +2.1
twPCRPS; FCN v2-small +6.3 +0.5 -5.2
twPCRPS2  GraphCast Op. +4.7 +5.8 +3.7
twPCRPS2  Pangu-Weather +9.3 +8.1 +0.9
twPCRPSy FCN v2-small +5.6 -1.9 -7.0
OO0OS IDR GraphCast Op. +6.3 +8.7 +5.9
OOS IDR Pangu-Weather +10.1 +10.5 +2.9
OOS IDR FCN v2-small +6.3 +6.4 +1.8

13
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Table 3 As Table 2, but for 10-m wind speed and 24-h precipitation (GraphCast

only).
Score Model Lead time
10-m wind speed (leads: 24 h, 120 h, 240 h)
PCRPS GraphCast Op. +40.6 [19/15] +1.8 [15/3] 0.8 [6/1]
PCRPS Pangu-Weather —1.7 [11/29] +1.3 [14/7] +0.1 [1/2]
PCRPS FCN v2-small —6.4 [5/60] —1.8 [6/24] +40.0 [3/3]
twPCRPS;  GraphCast Op. +1.0 +2.4 +1.2
twPCRPS; Pangu-Weather —-2.4 +1.6 +0.6
twPCRPS; FCN v2-small —-7.4 —-1.2 +0.4
twPCRPSy  GraphCast Op. +0.7 +2.4 +1.4
twPCRPS2  Pangu-Weather -2.5 +1.4 +0.9
twPCRPSs  FCN v2-small 7.4 —-1.2 +0.5
OOS IDR GraphCast Op. +0.9 +1.6 +0.6
OO0OS IDR Pangu-Weather -1.1 +1.6 -0.2
OOS IDR FCN v2-small -5.3 -1.2 +0.0
2/4-h precipitation (leads: d1, d5, d10)
PCRPS GraphCast Op. +4.7 [8/1] +6.2[14/0] +2.6 [0/0]
twPCRPS;  GraphCast Op. +1.5 +2.7 +1.0
twPCRPSy  GraphCast Op. +1.7 +3.3 +1.2
OOS IDR GraphCast Op. +4.3 +3.6 +1.0

4.2 Daily maximum and minimum temperature

GraphCast has the most consistent advantage for Tiax (7-10% PCRPS skill over
days 1-9). Pangu-Weather’s skill falls from 6-8% at days 1-5 to an insignificant 0.6%
at day 9, and FourCastNet v2-small gains 3-6%. For the warm tail (above the 90th
percentile), the skill of GraphCast increases with lead time, from 2.8% at day 1 to
7.5% at day 9. At days 1-5, all four models underestimate Ty, by about 2-3.5 °C on
average (not shown in the table). This is expected, because the six-hourly samples miss
the afternoon peak. PCRPS removes a constant or strictly monotone recalibration
error, but six-hourly sampling can also change forecast ordering and discrimination;
those effects are not removed by calibration.

Improvements are largest for Ty,i,. Pangu-Weather reaches 14.9% skill at day 1
and 13.6% at day 5, and is significantly better than GFS at 86-88% of stations up
to day 5. In the cold tail (below the 10th percentile), Pangu-Weather and GraphCast

retain significant skill up to day 7. FourCastNet v2-small becomes significantly worse

14



247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

than GFS at day 9 (—5.2%). At days 1-5, GFS overestimates Ty, by 1.3-1.4 °C on

average, more than any of the AT models.

4.3 Ten-metre wind speed

Differences for wind speed are small (Table 3). GraphCast has small positive skill
at the reported 24-h multiples (0.6-1.8%). At 6 h, however, its skill is significantly
negative (—1.3%; Fig. 3), so a claim of superiority at all leads is unsupported. Pangu-
Weather is worse at 24 h (—1.7%) and slightly better at 3—-7 days. FourCastNet v2-
small is clearly worse at short leads (—6.4% at 24 h, significantly worse at 60% of
stations), and its deficit vanishes by 240 h. The rankings for the strong-wind tails

mirror those for the full distribution.

4.4 Precipitation

GraphCast improves the PCRPS of 24-h precipitation by 4.7% on day 1, 6.2-6.5% on
days 3-5 and 2.6% on day 10; all improvements are significant (Table 3). The skill
for heavy precipitation is smaller but significant at all leads. For exceedances of the
wet-day 90th percentile it is 1.0-3.7%, and for the absolute threshold of 25 mm it is
1.2-4.1%. Station-wise tests rarely reach significance for precipitation (at most 14%

of stations; Fig. 4), reflecting its large sampling variability.

4.5 Climate zones

The AT advantage is largest in the Temperate zone, which contains most stations in
eastern China, and is weaker in the Arid and Highland zones (Table 4, Fig. 5). For 2-m
temperature at 120 h, GraphCast and Pangu-Weather improve the PCRPS by 13.8%
and 16.7% at Temperate stations. At Highland stations, GraphCast’s skill falls to an
insignificant 2.5%, while Pangu-Weather retains 13.6%. For T,ax at day 5, GraphCast
is significantly worse than GFS at Highland stations (—7.3%), while all models gain

14-18% at Temperate stations. For Tj,.x at Arid stations, the bootstrap intervals
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273

274
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276

277

for Pangu-Weather and FourCastNet v2-small include zero, so these comparisons do
not establish a difference from GFS. For precipitation, GraphCast gains 8.8% in the
Temperate zone at day 5, compared with 1.5% in the Arid zone. For wind speed, the
skill is close to zero or slightly negative in the Cold zone. The Tropical group comprises
only six stations (three for Tiyax/Tmin), SO its large values should be interpreted with

caution.

Table 4 Skill (%) relative to GFS by climate group at a medium lead time (core set). Bold:
95% block-bootstrap confidence interval excludes zero. Station counts for instantaneous
variables (Twmax/Tmin in parentheses): Temperate 149 (64), Arid 76 (54), Cold 75 (41), Highland
28 (18), Tropical 6 (3). Precipitation counts are 124, 47, 50, 24 and 4 respectively (249 total).

Score Model All Temperate  Arid  Cold Highland Tropical
2-m temperature, 120 h
PCRPS GraphCast Op. +11.0 +13.8 +10.0 4+10.8 +2.5 +416.6

PCRPS Pangu-Weather +11.5 +16.7 +7.8 +47.4 +13.6 +14.5
PCRPS FCN v2-small +7.1 +10.1 +4.8 +5.0 +8.4 +0.7
twPCRPS; GraphCast Op. +9.1 +11.3 +4+7.4 +7.5 +9.7 +18.9
twPCRPS; Pangu-Weather +11.2 +15.3 +7.3 +9.3 +12.1 +10.7

twPCRPS; FCN v2-small +8.1 +11.3 +4.8 +47.9 +5.2 —1.6
Daily Tmax, day 5

PCRPS GraphCast Op. +9.2 +17.2 +4.4 +9.0 -7.3 +21.1
PCRPS Pangu-Weather +7.4 +17.5 —-1.6 +3.0 +6.6 +20.0
PCRPS FCN v2-small +5.6 +14.4 —1.3 +2.8 +0.3 +12.9
twPCRPS; GraphCast Op. +5.5 +8.5 +2.7 +5.5 +4.7 +2.1
twPCRPS; Pangu-Weather +6.3 +11.4 -1.2 +5.9 +14.3 +0.1
twPCRPS; FCN v2-small +5.4 +8.7 +0.3 +6.1 +10.3 -7.1

Daily Tiin, day 5

PCRPS GraphCast Op. +11.7 +15.8 +11.1 +10.8 +5.2 +12.1
PCRPS Pangu-Weather +13.6 +17.7 +11.8 +10.5 +16.4 +10.7
PCRPS FCN v2-small +8.9 +12.1 +7.9 +45.4 +12.4 —1.2
twPCRPS; GraphCast Op. +6.9 +12.4 +5.0 +1.2 +7.9 +11.7
twPCRPS; Pangu-Weather 410.0 +13.9 +6.2 +4.2 +18.3 +20.1

twPCRPS{ FCN v2-small +0.5 +4.4 —4.5 —6.5 +14.0 +7.1
10-m wind speed, 120 h

PCRPS GraphCast Op. +1.8 +3.1 +1.6 —-0.7 +0.9 +7.5
PCRPS Pangu-Weather +1.3 +3.0 +0.6 -1.0 +0.8 +6.1
PCRPS FCN v2-small —1.8 —-0.9 —2.5 -3.4 —-0.7 +3.2
twPCRPS; GraphCast Op. +2.4 +3.3 +2.8 +0.7 +2.0 +2.4
twPCRPS; Pangu-Weather +1.6 +3.1 +0.0 -0.1 +0.9 +4.7
twPCRPS; FCN v2-small -1.2 -0.5 -—-2.0 -1.9 -1.9 +0.5
24-h precipitation, day 5

PCRPS GraphCast Op. +6.2 +8.8 +1.5 424 +6.0 +17.8
twPCRPS; GraphCast Op. +2.7 —+4.7 +0.8 +1.1 +0.0 +18.7
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4.6 Out-of-sample post-processing

Temperature models generally retain positive overall skill in the independent 2024-
2025 test period, but neither model rankings nor tail improvements transfer uniformly
(Table 2, Fig. 6). With out-of-sample IDR, GraphCast’s skill for 2-m temperature
is 7.4%, 10.2% and 7.6% at 24, 120 and 240 h, close to its in-sample values. Gaus-
sian EMOS gives similar results, with skill of 7.1%, 8.4% and 4.7% for GraphCast
and 7.3%, 10.9% and 4.2% for Pangu-Weather. For precipitation, out-of-sample IDR
retains 1.0-4.3% overall skill (significant except at day 10), while the wet-day-q90 tail
advantage is much smaller (Table 5). Only the day-1 tail skill is significant (+1.75%);
the intervals include zero at the other nine leads, and the point estimates at days 3,
5and 7 are 1.1%, 0.4% and 0.1%. In sample, the same tail skill is 1.0-3.7% and sig-
nificant at every lead. For the temperature tails, out-of-sample EMOS twCRPS skill
is positive and significant at all reported leads for warm 2-m temperature and T ax
extremes, whereas cold-tail Ty, skill is less consistent (FourCastNet v2-small: —6.1%
at day 9). Ranking changes also occur for temperature: at day 1 for Ti,ay, in-sample
PCRPS favours GraphCast over Pangu-Weather (8.0% versus 6.1%), whereas out-of-
sample EMOS favours Pangu-Weather (7.8% versus 6.3%). This is a reversal of point
estimates, not a paired significance test between the AI models. The in-sample and
out-of-sample comparisons also use different evaluation periods, so this contrast does
not isolate the effect of calibration alone. The core21 sensitivity set, which uses three
years of training, gives consistent results (e.g. Pangu-Weather PCRPS skill for 2-m
temperature of 8.5%, 11.5% and 2.8% at 24, 120 and 240 h).

4.7 Sensitivity to the initialization source

Table 6 and Fig. 7 compare each trained Al system started from GFS and from IFS
FO000 inputs, on the common ic sample. Replacing the initial conditions more than

doubles the skill of GraphCast for 2-m temperature at 24 h, from 8.4% to 18.8%
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Table 5 GraphCast skill (%) for the wet-day-q90 precipitation tail:
in-sample twPCRPS versus independent-period IDR twCRPS, with 95%
bootstrap intervals.

Day In-sample 95% interval OOS IDR 95% interval
1 +1.52  [+0.69, +2.49)] +1.75  [+0.12, +4.15]
2 +2.99  [+1.91, +4.64] +1.09  [-0.70, +3.53]
3 +3.70  [+2.36, +5.46] +1.10  [-0.31, +2.74]
4 +3.67 [+2.41, +5.41] +0.36  [-0.71, +1.62]
5 +2.71  [+1.35, +4.43] +045  [-0.79, +1.67]
6 +2.93  [+1.72, +4.61] +0.51 [-0.63, +2.06]
7 +2.75  [+1.53, +4.36] +0.06  [-0.72, +1.17]
8 +1.90  [4+0.95, 43.23] -0.62  [-1.62, +0.18]
9 +1.88  [+1.04, +2.94] +0.43  [-0.25, +1.18]

10 4+0.96  [+0.18, +1.83] +1.21  [-0.18, +2.59]

relative to GFS. The skill for T.x at day 1 rises from 7.9% to 19.0%, and for day-
5 precipitation from 6.2% to 11.7%. For Pangu-Weather, the 24-h temperature skill
rises from 8.5% to 17.1%. For FourCastNet v2-small the increase is smaller (6.0%
to 8.1%). The short-range skill differences are large relative to the GFS-initialized
gains, demonstrating sensitivity to the initialization source. They do not identify a
causal fraction attributable solely to analysis quality, because the trained models and
initialization data interact. The GFS-initialized results remain the relevant conditional

comparison for a system supplied with GFS fields.
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Table 6 PCRPS skill (%) relative to GFS of each trained AI system
initialized from GFS — from IFS F000 fields, on the common sample
of the ic set. Values for GFS initialization differ slightly from Table 2
because of the smaller sample. Leads: 24, 120, 240 h (2-m temperature,
wind); days 1, 5, 9 (Tmax, Tmin); days 1, 5, 10 (precipitation).

Model short medium long
2-m temperature

GraphCast Op. 8.4 — 18.8 11.1 - 199 8.9 — 13.2
Pangu-Weather 85—+ 17.1 11.8 — 18.2 4.0 - 7.3
FCN v2-small 6.0 — 8.1 7.1 — 9.2 55— 7.1
Daily Tmax

GraphCast Op. 7.9 — 19.0 8.8 — 19.7 71— 134
Pangu-Weather 6.4 — 13.5 7.8 - 13.3 0.6 - 4.4
FCN v2-small 2.3 — 4.9 52 =179 4.3 — 6.1
Daily Thin

GraphCast Op. 9.4 — 18.2 12.1 - 186 9.1 — 12.6
Pangu-Weather  15.5 — 20.2 14.2 — 18.4 5.3 — 8.2
FCN v2-small 11.5 — 13.2 9.1 — 10.9 4.9 —» 7.3
10-m wind speed

GraphCast Op. 0.7 — 3.1 1.8 - 5.9 0.8 — 2.2
Pangu-Weather —1.8 — —0.7 14 — 3.4 0.2 - 0.7
FCN v2-small —-64 — -57 —-17—-04 01—04
24-h precipitation

GraphCast Op. 48 -+ 94 6.2 — 11.7 2.7 — 5.8
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Fig. 2 Skill relative to GFS as a function of lead time. Rows are the five variables; columns show
PCRPS, twPCRPS for tail 1 and tail 2. GraphCast, Pangu-Weather and FourCastNet v2-small use
circles with solid lines, squares with dashed lines and upward triangles with dotted lines, respectively.
Shading: 95% moving-block bootstrap confidence intervals.
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Fig. 3 PCRPS skill at every six-hourly lead, separated by valid UTC hour (rows), for 2-m tempera-
ture and 10-m wind speed (columns). Models use the line styles and marker shapes in Fig. 2. Shading

gives 95% calendar-block bootstrap intervals.
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(@) 2 m temperature (b) 2 m temperature (c) 2 m temperature
Day 1 Day 5 Day 10

Better 70% Better 81% Better 78%
Worse 11% Worse 2% Worse 1%
(d) Daily Tmin (e) Daily Tmin (f) Daily Tmin

Day 1 Day 5

Better 75% Better 83% Better 71%

Worse 8% Worse 0% Worse 0%

(g) 24 h precipitation (h) 24 h precipitation (i) 24 h precipitation
Day 1 Day 5 Day 10

Better 8% Better 14% Better 0%
Worse 1% Worse 0% Worse 0%

A Significant improvement
V Significant deterioration
O Not significant

GraphCast PCRPS improvement over GFS (%)

-30 0 +30

Fig. 4 Station-wise PCRPS skill of GraphCast relative to GFS for 2-m temperature, daily Thin
and 24-h precipitation (rows) at three lead times (columns). Filled upward and downward triangles
indicate significant improvement and deterioration, respectively, under the Diebold—Mariano test
with Benjamini-Hochberg false discovery rate control at 5%; hollow circles indicate non-significant
differences. Colour gives improvement magnitude. Better/worse percentages use all eligible stations
in each panel.
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2 m temperature Daily Tmax

Day 5 Day 5
Tropical (6) [+17% +14* +1 n=3 +21*% +20*% +13*
Temperate (149) [+14* +17* +10* n=64 +17*% +17* +14%
Arid (76) +10* +8%* +5%* n=54 +4*x -2 -1

Cold (75) +11* +7* +5* n=41 +9% +3 43
Highland (28) +3 [+14* +8* n=18 -7*% +7*% +0
All (334) +11* +12* +7* n=180 +9*% +7* +6*
GC PW FCN2 GC PW FCN2

Daily Tmin 10 m wind speed

Day 5 Day 5

Tropical (3) +12* +11* -1 n=6 +7%* +6* +3*
Temperate (64) +16* +18* +12% n=149 +3* +3*% -1%
Arid (54) +11* +12* +8* n=76 +2* +1 -3*

Cold (41) +11* +10* +5% n=75 -1  -1* -3%
Highland (18) +5* [+16* +12%* n=28 +1* +1* -1%
All (180) +12* +14* +9* n=334 +2* +1% -2%
GC PW FCN2 GC PW FCN2

24 h precipitation

Day 5
Tropical (4) +18* PCRPS skill vs GFS (%)
Temperate (124) 4= GC: GraphCast
i * : GraphCas
Arid (47) +1* PW: Pangu-Weather
Cold (50) +2 FCN2: FourCastNet v2-small
Highland (24) +6*
All (249) +6%* + /- : skill sign
GC *:95% interval excludes 0

Counts: eligible stations

Fig. 5 PCRPS skill relative to GFS by climate group at day 5 (120 h for instantaneous variables).
Signed cell values are skill percentages; asterisks indicate that the 95% bootstrap interval excludes
zero. Rows follow Tropical, Temperate, Arid, Cold, Highland and All; eligible station counts are
shown for each variable. GC: GraphCast; PW: Pangu-Weather; FCN2: FourCastNet v2-small.
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Fig. 6 In-sample PCRPS skill versus out-of-sample CRPS skill (IDR and, for temperature variables,
EMOS; test period January 2024—August 2025) relative to GF'S for the five variables. Circles, squares
and upward triangles identify GraphCast, Pangu-Weather and FourCastNet v2-small. Solid, dashed
and dotted lines indicate in-sample IDR, out-of-sample IDR and out-of-sample EMOS, respectively.
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Fig. 7 PCRPS skill relative to GFS of GFS-initialized and IFS-initialized versions of each AI model,
with 95% block-bootstrap confidence intervals (ic set). Marker shapes identify models as in Fig. 6;
solid lines with filled markers and dashed lines with open markers indicate GF'S and IF'S initialization,

respectively.
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5 Discussion

Extremes

Using station observations rather than reanalysis, our results agree with Biegert
et al. (2026) and Olivetti and Messori (2024). When forecasts are compared through
calibrated predictive distributions and threshold-weighted proper scores, the in-
sample comparisons often favour Al forecasts for temperature tails. Strong-wind
gains are marginal, and the heavy-precipitation advantage weakens substantially
under independent-period calibration. Potential information should therefore be dis-
tinguished from realizable skill in warnings or deployed post-processing. The tail skill
is usually smaller than the skill for the full distribution, and it is not uniform. Four-
CastNet v2-small loses its advantage for cold extremes at long leads, and gains for
strong wind are marginal. Our design does not address record-breaking events, the
focus of Zhang et al. (2026), which are too rare in a four-year station sample for reli-
able inference. However, our tails are defined from an independent climatology and
scored without conditioning on the outcome, so they avoid the forecaster’s dilemma

(Lerch et al. 2017).

Initial conditions

The paired initialization comparison shows that skill depends strongly on the initial-
data source, especially at short leads. A mixed-source AI-GFS comparison does
not isolate architecture. The GFS-initialized comparison instead estimates relative
forecast-system skill conditional on GFS inputs; it is not necessarily a lower bound
for all AT applications. The weaker dependence of FourCastNet v2-small on the initial
conditions is consistent with its lower overall skill. We do not have a free station-level
baseline for IFS HRES, so we cannot say whether IFS-initialized AT models also beat

the IFS itself at these stations.
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Regional variation

The reduced or negative skill at Highland and Arid stations, especially for T},,x, may
reflect imperfect representation of near-surface temperature over complex terrain in
the ERAS5 training data of the AT models. It may also reflect a stronger diurnal cycle
there that six-hourly sampling captures poorly. Testing these hypotheses is beyond
the scope of this study. PCRPS removes constant offsets and strictly monotone recal-
ibration errors, so regional differences are not explained by a constant bias alone.
Non-monotone sampling and representativeness errors can still affect discrimination.
Regional post-processing or downscaling should therefore not assume that AI models

are uniformly superior.

Limitations

(i) Station series end in late August 2025, and the IFS-initialized runs have sub-
stantial gaps in 2024, which reduce the ic sample. (ii) Daily Tiax/Tmin forecasts are
derived from six-hourly output for all models, which underestimates the diurnal range;
sub-daily extremes may change the comparison. (iii) Only GraphCast provides pre-
cipitation, so precipitation results cannot be generalised to other AT models. (iv) GFS
was upgraded to version 16 on 22 March 2021; the core period (2022 onwards) uses a
single major GFS version, but the core2! set includes the transition. (v) The Tropi-
cal group is small, and the station set includes a few stations outside the mainland,
whose influence has not been isolated in a dedicated geographic sensitivity test. (vi)
PCRPS measures potential skill after optimal calibration. Raw forecasts, particularly
for Tinax and wind, have biases that would need post-processing in practice; the out-
of-sample results support some overall temperature gains, but not universal rankings

or uniformly positive extreme-tail skill.
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6 Conclusions

We compared three GFS-initialized AI weather models with the operational GFS
at 334 stations in China over 2022-2025, using potential and threshold-weighted
scores, independent-period calibration, calendar-block resampling and station-wise

multiplicity-controlled tests. The main conclusions are:

1. Conditional on a shared GFS F000 input source, the comparison indicates positive
potential skill for the AT models at the reported daily temperature leads. Six-hourly
exceptions prevent a claim of superiority at every lead.

2. Temperature-tail improvements are more consistent than strong-wind gains.
GraphCast’s in-sample heavy-precipitation advantage does not establish reliable
out-of-sample tail superiority: out of sample, wet-day-q90 tail skill is significant
only at day 1.

3. Skill differs across climate groups and variables. Temperate stations generally show
positive gains, while GraphCast’s Ty,ax PCRPS skill reverses sign at Highland
stations.

4. Switching the initialization source can substantially change short-range skill. This is
a conditional sensitivity of the trained forecast system, and fair comparisons should

report model versions, initialization products and calibration design explicitly.
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